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NLBER for Example One
(a) learning curve of NLBER-RBF detector with Nc = 8 averaged on 10
runs, and (b) inﬂuence of symmetric RBF model size Nc, where SNR= 7 dB
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Clustering for Example One
(a) learning curve1 of clustering-RBF detector with Nc = 8 averaged on 5
runs, and (b) inﬂuence of RBF variance, where SNR= 7 dB
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1Euclidean distance(k) is deﬁned as sum of  ci(k) − ¯ x
(+)
i  2 over 1 ≤ i ≤ Nsb16 School of ECS, University of Southampton, UK ICC 2007
NLBER for Example Two
(a) learning curve of NLBER-RBF detector with Nc = 16 averaged on 10
runs, and (b) inﬂuence of symmetric RBF model size Nc, where SNR= 5 dB
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Simulation Example Two
Learning curve of clustering-RBF
detector with Nc = 16 averaged on
5 runs, where SNR= 5 dB
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Desired-user’s bit error rate
clustering-RBF detector Nc = 16
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Clustering for Example Two
(a) inﬂuence of clustering-RBF model size Nc with RBF variance set to σ2
n,
and (b) inﬂuence of RBF variance with Nc = 16, where SNR= 5 dB
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